
sustainability

Article

Spatial–Temporal Heterogeneity and the Related Influencing
Factors of Tourism Efficiency in China

Zhiliang Liu 1,2, Chengpeng Lu 1,2,* , Jinhuang Mao 1,2,*, Dongqi Sun 3, Hengji Li 4 and Chenyu Lu 5

����������
�������

Citation: Liu, Z.; Lu, C.; Mao, J.; Sun,

D.; Li, H.; Lu, C. Spatial–Temporal

Heterogeneity and the Related

Influencing Factors of Tourism

Efficiency in China. Sustainability

2021, 13, 5825. https://doi.org/

10.3390/su13115825

Academic Editor: Christian

M. Rogerson

Received: 21 April 2021

Accepted: 19 May 2021

Published: 21 May 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Institute of County Economic Development & Rural Revitalization Strategy, Lanzhou University,
Lanzhou 730000, China; zhlliu19@lzu.edu.cn

2 School of Economics, Lanzhou University, Lanzhou 730000, China
3 Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences,

Beijing 100101, China; sundq@igsnrr.ac.cn
4 Lanzhou Information Center, Northwest Institute of Eco-Environment and Resources, Chinese Academy of

Sciences, Lanzhou 730000, China; lihengji@llas.ac.cn
5 College of Geography and Environment Sciences, Northwest Normal University, Lanzhou 730000, China;

luchenyu@nwnu.edu.cn
* Correspondence: lcp@lzu.edu.cn (C.L.); maojh@lzu.edu.cn (J.M.)

Abstract: Tourism efficiency is an effective index of measuring the development quality of the
tourism industry. In this study, the tourism efficiency of 30 provinces in China during the period
from 2006 to 2018 was measured with the SBM model and Malmquist index. On the basis of ESDA
and GWR models, we explored the spatial pattern of China’s tourism efficiency and the spatial
heterogeneity of the influencing factors in depth. The results revealed that China’s tourism efficiency
has been constantly enhanced with an increasingly balanced pattern. Meanwhile, the utilization
degrees of various input factors have constantly been improving. Both technological efficiency and
technological progress jointly promote rapid growth of total-factor productivity. Accompanied with
constant enhancement of the spatial agglomeration effect, the local spatial pattern also showed
obvious differentiation. In general, low-efficiency regions were mainly concentrated in northern
China, while high-efficiency regions were concentrated in southern China. The distinct spatial–
temporal differentiation characteristics of tourist economic efficiency can be attributed to different
influencing strengths of various factors in various regions and different action tendencies. The level
of economic development, traffic conditions, the professional level of tourism, and openness degree
can significantly promote tourism efficiency. Tourism resource endowment and environmental
cost impose slight effects and differ in action direction, thereby inhibiting the tourism efficiency of
many regions.

Keywords: tourism efficiency; super-efficiency SBM model; geographically weighted regression
(GWR); spatial heterogeneity; influencing factors; China

1. Introduction

The tourism industry serves as pillar industry of the national economy and plays
an irreplaceable role in promoting economic and social development and enhancing pop-
ular happiness. As is known, China has vast territory, a long history, splendid culture,
diversified ethnic minorities, and extremely abundant tourism resources, which lay a solid
foundation for the prosperity and development of the tourism industry in China. In 2019,
the tourism industry contributed 8.9 trillion dollars to the global GDP, with a proportion of
19.3% of GDP gross, which simultaneously provided employment for 330 million people,
occupying 10% of total jobs [1]. The contribution of the tourism industry to the global GDP
has increased most rapidly in the Asia-Pacific region, in which China ranks the first in terms
of GDP and employment scale. In China, the overall contribution of the tourism industry
to GDP is 10.94 trillion yuan, taking up 11.05% of the GDP; employment of 798.7 million
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people is indirectly and directly related to the tourism industry, accounting for 10.31% of
the total employed population [2]. Rapid development of China’s tourism industry has
made a remarkable contribution to the global tourism growth. In 2019, China made a
quarter of the contributions to the growth of the global tourism industry; the number of
China’s outbound tourists and the total outbound consumption reached up to 155 million
visits and USD 300 billion, respectively, which makes it the greatest tourist-generating
and tourism consumption country in the world. With constant economic development
and scientific progress, diversification has become the theme in China’s tourism industry
development. To be specific, further refinement of tourist groups, constant innovation of
tourism projects, continuous enrichment of the tourism theme, constant change of tourism
types, increasingly diverse travel modes, and constantly expanded and upgraded market
requirements will inevitably promote the development and growth of the tourism industry.
However, China’s tourism economy shows a series of problems including unbalanced
development, excess invalid input, and insufficient effective supply. It is urgent to evaluate
the tourist industry efficiency for promoting balanced and high-efficiency development of
the tourism economy in China.

Specifically, the economic efficiency of an industry is equal to the capability of ob-
taining the maximum output from the specific input [3]. Tourism efficiency refers to the
property wherein the unit factor input can achieve the maximum output within a certain
period during the development of the tourism industry [4], which can reflect the ratio of
the input of resource factors to the output utility in tourism economic activities and is
an effective index of measuring the quality of tourism development. Gaining in-depth
knowledge of spatial–temporal evolutional rules of tourism efficiency and the related
influencing factors is of great significance to formulating the tourism development plans,
adjusting the tourism supportive policies, and promoting sustainable development of the
tourism industry.

Currently, scholars have mainly investigated tourism efficiency in some specific fields,
particularly in the three pillars of modern tourism industry, i.e., travel agencies, hotels, and
tourism traffic [5–7]. Tourism agencies serve as the medium organizations for integrating
tourism resources and forming tourism productions, which usually arouse much attention.
Koksal et al. analyzed the operating efficiency of the international travel agencies in
Turkey and found that many travel agencies have low operating efficiency in rush tourism
seasons [5]. Ramon et al. analyzed the relative efficiencies of 22 travel agencies in Alicante,
Spain; proposed the corresponding improvement measures; and finally concluded that
geographic position is the most important factor that affects efficiency by using the Mann–
Whitney U test [8]. Hotels are important parts of the tourism industry, and are also the
research hotspots. Assaf et al. evaluated the operating efficiency of hotels in the Asia-Pacific
region and concluded that scale, ownership, and classification all significantly affect hotel
efficiency [9]. Barros et al. found that most of Portugal’s hotels were poor in efficiency and
severe in terms of waste of resources, and the authors put forward some improvement
measures such as enhancing productivity and attracting foreign investment [10]. Corne
et al. analyzed the technical efficiency of the hotel industry in France and pointed out
that economical hotels exceed in efficiency but are poor in income, which can explain
the paradox in the French hotel industry [11]. Tourism traffic is also quite important and
simultaneously raises great concern. Ripoll-Zarra et al. adopted stochastic frontier analysis
for estimating the technical efficiency of Spanish airports and found that some airports
are low in efficiency; the management mode, geographic position, and accommodation
type can all significantly affect the airport efficiency [12]. Lo Storto et al. measured the
efficiency of Italian airports on the basis of the NSBM-DEA model and concluded that the
NSBM-DEA model is more effective than the traditional DEA model; the related results can
provide insightful understanding for policymakers in terms of performance improvement
and management [13]. As scholars have performed increasingly in-depth studies on
tourism economy efficiency, they expanded their objectives to many aspects such as tourism
attractions and tourism destinations [14–16]. Baggio used a network analysis approach
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towards digital ecosystems in order to study the relationship between technological tools
and physical entities in a destination and how these tools and their combinations affect the
efficiency of the system at the local and global levels [17]. Tiziana analyzed the efficiency of
cultural heritage on the United Nations Educational Scientific and Cultural Organization
(UNESCO) World Heritage List in Italian regions and found that UNESCO sites exert
opposite effects on the performance of these sites of cultural heritage [18]. Currently,
there are two common methods for the estimation of tourism efficiency, i.e., data envelope
analysis (DEA) and stochastic frontier analysis (SFA) [19–21]. DEA is a useful and effective
technique and is extensively applied in various industries owing to the use of Pareto
efficiency that compares the decision units with the other decision units [3]. For example,
Sharon et al. analyzed and compared the tourism efficiencies of 105 countries on a macro
level [3], and Barros employed DEA for estimating the total-factor productivity of a state-
owned chain of hotels in Portugal [22]. By contrast, Chinese scholars have conducted
related studies on multiple levels from macroscopic national tourism to microscopic tourism
enterprises [23–25], regarding diversified topics such as tourism ecological efficiency, rural
tourism efficiency, poverty alleviation efficiency through tourism, and tourism management
efficiency [26–30]. Moreover, the research perspectives become increasingly wide and cover
the mechanism of tourism efficiency, spatial–temporal difference, literature review, and the
analysis of influencing factors [31–34]. With their improvement, the DEA model, super-
efficiency model, three-phase DEA model, and bootstrap DEA model have now been
gradually popularized in practical applications [35–38].

The existing studies on tourism efficiency are still limited to date. Firstly, in previous
studies, scholars mainly focused on the estimation at a single time point or on a single
department while neglecting spatial–temporal evolutions of multiple department combina-
tions in long time series. Meanwhile, the previous studies mainly adopted traditional DEA
models, whereas dynamic analysis of tourism efficiency by combining super-efficiency
DEA model and the Malmquist index is especially rare. Scholars have mainly investigated
the influencing factors via qualitative analysis and have not taken the effects of spatial
effect into account, which cannot effectively reveal the spatial heterogeneity of the influ-
encing factors. In addition, there is a lack of consideration of the local spatial regression
model. On account of spatial flow characteristics of both tourism service and products, it
is of great significance to analyze the driving factors under spatial distribution rules [39].
For this reason, this study selected the SBM–Malmquist model to measure the tourism
efficiencies of various provinces in China and explored the spatial–temporal heterogeneity
among different provinces with ESDA method. By taking the spatial effect into account, we
classified the influencing factors with the GWR econometric model. The research results
can provide reference for other similar regions or countries with rapid development of
tourism in the world.

2. Materials and Methods

The measurement and evaluation of efficiency generally include input and output
indexes and aim to gain maximum output with minimum resource investment. In this
study, both the input and output indexes were involved in the measurement of tourism
efficiency, and the tourism efficiencies of 30 provinces, cities, and autonomous regions in
China were evaluated by establishing the super-efficiency SBM model. Then, the spatial
agglomeration characteristics of tourism efficiency in China were analyzed using the ESDA
method. Finally, the driving factors of tourism efficiency were identified on the basis of the
GWR model.
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2.1. Super-Efficiency SBM Model

The non-radial and non-angle SBM model, proposed by Tone [40] on the basis of slack
variables, can be described as

Minρ =
1− 1

m ∑m
i=1 s−i /xik

1 + 1
s ∑s

r=1 s+r /yrk
(1)

s.t.



∑n
j=1,j 6=k λjxij − s−i = xik, i = 1, 2, · · · , m;

∑n
j=1,j 6=k λjyij − s+r = yrk, r = 1, 2, · · · , s;

λj, s−, s+ ≥ 0 , j = 1, 2, · · · , n(j 6= k);

(2)

where ρ denotes the relative efficiency, with a range of 0–1. When ρ = 1, the decision-
making unit (DMU) is relatively effective; however, many effective decision units may
appear. In order to further determine the efficiency of these effective decision units, Tone
et al. proposed a super-efficiency SBM model to solve the ranking of these effective units.
The model can be described as

Minρ =
1
m ∑m

i=1 xi/xik
1
s ∑s

r=1 yr/yrk
(3)

s.t.



x ≥ ∑n
j=1,j 6=k λjxj;

y ≤ ∑n
j=1,j 6=k λjyj;

x ≥ xk;

y ≤ yk;

λj ≥ 0 j = 1, 2, · · · , n(j 6= k);

(4)

where n denotes the number of DMUs; m denotes the number of input indexes; s denotes
the number of output indexes; s− and s+ are the input and the output relaxation variables,
respectively; λ denotes the weight vector; and xik and yrk denote the i-th input and the r-th
output of the k-th DMU, respectively. A larger value of ρ is indicative of higher efficiency.

2.2. Malmquist Index Model

The Malmquist index, proposed by Malmquist [41], can adequately reflect the struc-
tural motive of efficiency change. Therefore, under the constant condition of returns to
scale, the total-factor productivity can be decomposed into the change of technological
progress and technological efficiency. Then, the Malmquist productivity index from t-th
period to (t + 1)-th period can be written as

MI =

[
Dt(xt+1, yt+1)

Dt(xt, yt)
×

Dt+1(xt+1, yt+1))
Dt+1(xt, yt)

]1/2

=
Dt+1(xt+1, yt+1)

Dt(xt, yt)
×
[

Dt(xt+1, yt+1)
Dt+1(xt+1, yt+1)

×
Dt(xt, yt)

Dt+1(xt, yt)

]1/2

(5)

where MI denotes the total-factor productivity, Dt(xt, yt) denotes the efficiency in the t-th
period, and

(
xt, yt) denotes the input–output in the t-th period. Dt(xt+1, yt+1) denotes

the efficiency in the (t + 1)-th period in terms of the base period t, which is also referred
to as frontier movement effect. If MI > 1, the relative efficiency increases from t-th to
(t + 1)-th efficiency; if MI < 1, the relative efficiency drops. In addition, the first part of
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the above equation represents the change of technological efficiency (EC), which reflects
the evaluating unit’s capability of obtaining the maximum output under given input. If
EC > 1, the decision unit is close to the production frontier, with constant improvement
of technological efficiency; if EC < 1, the decision units cannot reasonably use the current
technologies. The latter part of the equation represents the change of technological progress
(TC), which reflects the contribution of the movement of the production frontier on the
change of productivity. TC > 1 suggests technological progress while TC < 1 is indicative
of technological recession [42].

2.3. Exploratory Spatial Data Analysis (ESDA) Method

ESDA is featured by spatial identification function and is mainly used for detecting
spatial correlation and aggregation effect of variables. In this study, by calculating Global
Moran’s I and Getis-Ord general G, we analyzed the spatial characteristics of the tourism
efficiency of various provinces in China on global and local dimensions, respectively.

(1) Global auto-correlation. Global auto-correlation describes the spatial characteris-
tics of the tourism efficiency on a nationwide scale. Global auto-correlation is generally
measured by the global Moran’s index, denoted as I, which can be written as

I =
n ∑n

i=1 ∑n
j=1(xi − x)

(
xj − x

)
∑n

i=1 ∑n
j=1 wij(xi − x)2 (6)

where n denotes the number of spatial units; xi and xj are the tourism efficiencies at the
spatial position i and j, respectively; and wij is the spatial weight matrix. The global
Moran’s index is in the range of [−1,1]. I > 0 suggests positive correlation while I < 0
suggests negative correlation. A larger value of I suggests more similar attributes and
higher accumulation degree. A smaller value of I indicates more different attributes and
higher agglomeration degree. There is no spatial auto-correlation when I = 0.

(2) Local auto-correlation. Local auto-correlation is used for measuring the local
correlation between a certain region and the neighboring regions. In order for the local
accumulation characteristics of tourism efficiency of various regions to be measured, the
local Getis-Ord general G, denoted as Gi, can be calculated as

Gi =
∑n

j=1 wijxj

∑n
j=1 xj

(7)

Z(Gi) =
Gi − E(Gi)√

VAR(Gi)
(8)

where n denotes the number of spatial units; xj denotes the tourism efficiency of the j-th
region; E(Gi) and VAR(Gi) are the mathematical expectation and variance, respectively; wij
denotes the spatial weight matrix; and Z(Gi) denotes the normalized Getis-Ord general G.
If Z(Gi) is significantly positive, the surrounding value of the objective position is relatively
higher and exceeds the mean value, suggesting that the objective position is the spatial
accumulation region with high tourism efficiency (i.e., the tourism hot spots); otherwise,
if Z(Gi) is significantly negative, the surrounding values of the objective position are
relatively lower and below the mean value, suggesting that the objective position is the
spatial accumulation region with low tourism efficiency (i.e., tourism cold spots).

2.4. Geographically Weighted Regression (GWR) Model

The GWR model is an extended model that is based on the ordinary linear regression
(OLR) model. The GWR model embeds the geographical positions of all sampling points
into the regression parameters, and thus it can effectively reflect the spatial dependence
among variables. The GWR model can be written as

yi = β0(µi, νi) + ∑p
k=1 βk(ui, vi)xik + εi i = 1, 2, · · · , n (9)
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where yi denotes the tourism efficiency of the i-th region, xik denotes the k-th explanatory
variable in the i-th region, (ui, vi) is the coordinates of the i-th region, βk(ui, vi) denotes the
regression parameter of the explanatory variable k in the i-th region, and εi denotes the
random error of the i-th region.

3. Methods and Data Source
3.1. Selection of Tourism Indexes

As regards the measurement of tourism efficiency, the input indexes mainly include
capital, labor, and resource consumption. The investment of capital mainly includes the
investments of visible physical assets and invisible tourism attraction. The former invest-
ment can be characterized by the fixed total asset investment in the tourism industry, while
the latter is mainly generated from tourism resource endowment and tourism services [32].
The tourism resource endowment can be calculated by a weighted sum of all A-class scenic
spots (to be specific, the weights of 1A-class to 5A-class scenic spots are 1–5, respectively),
while the tourism services are characterized by the total numbers of star-grade hotels and
travel agencies. The labor input can be characterized by the number of employees in the
tourism industry. Resource consumption is characterized by the total energy resource
consumption in the tourism industry. In this study, due to the lack of related statistics of
the fixed-asset investment and the energy resource consumption in the tourism industry,
we selected the ratio of the tourism revenue to GDP for conversion. As regards the output
indexes, the tourism income and the reception number can overall reflect the tourism
development level and thus were selected as the output indexes of measuring tourism
efficiency. In addition, considering that most of the tourism income can inevitably affect
most of the output on that year [43], the effect of hysteresis effect on the measurement of
tourism efficiency was neglected in this study.

3.2. Indexes in Geographic Weighted Regression (GWR) Model

The spatial evolution of tourism efficiency is the result under the action of multiple
factors. Moreover, various influencing factors differ in direction and strength to varying
degrees. It is necessary to further examine the spatial–temporal heterogeneity of various
influencing factors of tourism efficiency. By reference to the related results [32,44–46], the
economic development level (ED), the tourism resource endowment (TRE), the traffic con-
dition (TC), the professional development level of the tourism industry (TS), the openness
degree (OD), and the environmental cost (EC) were selected as the independent variables
for establishing the GWR model so as to conclude the factors that affect the difference of
tourism efficiency among different regions.

Economic development level is inextricably linked to the development of various
industries that can affect the development of the tourism industry to a certain degree.
In this study, the gross domestic product (GDP) of the region was used for measuring
the economic development level. The tourism resource endowment is the foundation of
tourism industry development and can be calculated by adding the number of A-class
scenic spots and the evaluation grades in a weighted way. Convenient transport facilities
and development traffic networks are the premise of both prosperity and development
of the tourism industry since they can increase the convenience of tourism activities. The
traffic condition can be characterized by the density of roads. The professional level of
the tourist industry can be characterized by the location entropy. The location entropy,
calculated by the ratio of the proportion of the regional tourism income in the regional
GDP to the proportion of the national tourism income in the national GDP, can reflect
the agglomeration development level of the tourism industry. The openness degree is
tightly related to exit/entry tourism and can be measured by the ratio of the total volume
of imports and exports to regional GDP. The environmental cost represents the negative
externality with the development of tourism industry and can be measured by the carbon
emission from the tourism industry. To be specific, the environmental cost can be calculated
by multiplying the proportion of the tourism income in the regional GDP with the total
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carbon emission. Due to the lack of a special calculation method, this study used the method
proposed by Xie et al. [47] for reference and made some simplifications. First, standard
carbon emission was converted into the energy consumption of the standard coal; then,
CO2 emission was able to be obtained through multiplication with CO2 emission per unit
standard coal. In order to ensure the accuracy of the regression results, we standardized
the independent variables in this study in order to avoid the interference of dimension on
data fitting.

3.3. Data Sources

This study focused on 30 provinces, cities, and autonomous regions in inland China
from 2006 to 2018 (not including Hong Kong; Macao; and Taiwan, China), and excluded
Tibet on account of data availability. All data were sourced from the China Statistical
Yearbook, China Tourism Yearbook, China Energy Yearbook, and other statistical yearbooks and
bulletins of various regions.

4. Analysis of Results
4.1. Static Analysis of Tourism Efficiency

Using deasolver pro 8.0 software, we measured the tourism efficiency, as listed in
Table 1. By reference to the related results [27], we were able to divide the whole coun-
try into high-efficiency, relatively high efficiency, medium-efficiency, and low-efficiency
regions, with the values of ρ ≥ 1, 0.8 ≤ ρ < 1, 0.6 ≤ ρ < 0.8, and ρ ≤ 0.6, respectively.

Table 1. Descriptive statistics of China’s tourism efficiency from 2006 to 2018.

Year Mean Coefficient of
Variation ρ ≥ 1 0.8 ≤ ρ < 1 0.6 ≤ ρ < 0.8 ρ ≤ 0.6

2006 0.609 0.486 5 0 5 20
2007 0.665 0.472 7 1 4 18
2008 0.701 0.474 9 0 6 15
2009 0.741 0.451 10 0 9 11
2010 0.751 0.418 11 0 9 10
2011 0.766 0.408 10 4 6 10
2012 0.758 0.391 10 3 8 9
2013 0.766 0.390 9 4 8 9
2014 0.760 0.386 9 3 10 8
2015 0.761 0.403 10 2 10 8
2016 0.767 0.393 9 3 11 7
2017 0.771 0.432 12 2 6 10
2018 0.807 0.416 12 2 6 10

As shown in Table 1, tourism efficiency overall increased steadily from 0.609 in 2006
to 0.807 in 2018 at the national level. The variation coefficient of tourism efficiency overall
was large, indicating great differences among various regions. In terms of evolutional
trend, the variation coefficient first dropped and then increased gradually, overall showing
a U-shaped distribution pattern. It suggests that the difference of tourism efficiency among
various regions first dropped and then increased slightly. In terms of the statistics of
the number of decision units at different efficiency levels, the number of high-efficiency
regions first increased, then remained stable, and finally increased in a fluctuant way, which
overall increased significantly from 5 in 2006 to 12 in 2018. The number of relatively high
efficiency regions was small and remained below 4, and was even equal to 0 in many years;
the number of medium-efficiency regions first increased in a fluctuant pattern and then
dropped suddenly from 2017, which was exactly different from the variation tendency of
low-efficiency regions and reflected the fact that many regions changed from low-efficiency
level to high-efficiency level before 2017. After 2017, the number of low-efficiency regions
increased, which further indicated obvious polarization of tourist efficiency at the national
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level, that is, the difference among regions increased; however, the nationwide tourist
efficiency inequality gradually improved.

In order to further analyze the differences in tourism efficiency among various regions,
we selected the statistical data of tourism efficiency in 2006, 2012, and 2018, which are listed
in Table 2. By dividing the whole country into three parts, i.e., western, central, and eastern
parts, we found that the “stronger in the east and weaker in the west” pattern of tourism
economy efficiency gradually weakened, and the efficiency in the central and the western
regions grew rapidly, suggesting gradual equalization among different regions. To be
specific, in eastern China, the tourism efficiency reached up to 0.827 in 2006, and the overall
efficiency was at a high level, with gradual enhancement during the research period, while
the tourism efficiency in 2018 reached up to 0.919, that is, the tourism industry in eastern
China developed towards higher quality. By contrast, the development foundation of the
tourism industry in central China was backward. In central China, the tourism efficiency
in 2006 reached up to 0.522, suggesting a low-efficiency level in central China; however, the
development speed was large and the tourism efficiency increased to 0.814 in 2018, with
an overall enhancement of 55.8% (at a relatively high level). The difference between the
eastern and the central regions was obviously narrowed. In western China, the tourism
industry started relatively late, and the tourism efficiency in 2006 was only 0.454 on account
of the gaps on multiple levels such as geographical location, economic development, and
social services, which was rapidly enhanced to 0.697 in 2018. In spite of the moderate
efficiency level of western China, the gap from eastern China gradually narrowed.

Table 2. Measurement results of tourism efficiency in various provinces of China in 2006, 2012, and 2018.

DMU 2006 2012 2018 Mean DMU 2006 2012 2018 Mean

Beijing 1.035 1.045 1.068 1.059 Henan 0.685 0.838 0.821 0.896
Tianjin 1.279 1.182 1.155 1.253 Hubei 0.474 0.816 0.844 0.728
Hebei 0.459 0.507 0.522 0.510 Hunan 0.500 0.756 0.851 0.739

Liaoning 0.543 0.850 1.018 0.765 Central region mean 0.522 0.822 0.814 0.757
Shanghai 1.125 1.171 1.329 1.175 Chongqing 0.658 1.102 1.144 1.046
Jiangsu 1.007 1.014 1.015 0.963 Sichuan 0.706 1.076 1.059 0.970

Zhejiang 0.529 0.705 0.764 0.687 Guizhou 0.606 1.121 1.594 1.170
Fujian 0.684 0.609 1.003 0.711 Yunnan 0.438 0.575 0.685 0.602

Shandong 0.562 0.678 0.589 0.628 Shaanxi 0.590 0.750 0.770 0.715
Guangdong 1.465 1.111 1.075 1.234 Gansu 0.301 0.374 0.519 0.386

Hainan 0.405 0.415 0.502 0.436 Qinghai 0.292 0.277 0.249 0.273
Eastern region mean 0.827 0.844 0.913 0.856 Ningxia 0.275 0.267 0.246 0.273

Shanxi 0.546 0.639 1.062 0.752 Xinjiang 0.229 0.276 0.285 0.257
Jilin 0.474 0.585 0.591 0.587 Guangxi 0.568 0.744 0.858 0.722

Heilongjiang 0.582 1.117 0.466 0.794 Inner Mongolia 0.333 0.317 0.257 0.319
Anhui 0.469 0.774 0.846 0.730 Western region mean 0.454 0.625 0.697 0.612
Jiangxi 0.450 1.047 1.031 0.826

At the provincial scale, only Beijing, Tianjin, Shanghai, Jiangsu, and Guangdong were
at a high efficiency level in 2006, and nearly 70% of provinces were at a low efficiency level,
with overall low development efficiency all over the country. In 2012, the tourism efficiency
of most provinces was significantly enhanced; to be specific, Heilongjiang and Jiangxi, as
well as Chongqing, Guizhou, Sichuan, and Yunnan in southwestern China evolved from
low-efficiency to high-efficiency regions; Liaoning, Henan, and Hubei became relatively
high efficiency regions, and the rest of the provinces originally in medium- and low-
efficiency regions were enhanced to varying degrees in terms of tourism efficiency. In 2018,
the tourism efficiency of most provinces was further enhanced. Specifically, Liaoning, Fu-
jian, and Shanxi evolved into high-efficiency regions; Anhui, Hunan, and Guangxi entered
into the relatively high efficiency regions for the first time; and the rest of the provinces
varied slightly. In terms of mean value, there were six high-efficiency regions, i.e., Beijing,
Shanghai, Tianjin, Guangdong, Chongqing, and Guizhou. In particular, Beijing, Shanghai,
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Tianjin, Chongqing, and Guangdong ranked in the top lists of tourism competitiveness
and attraction because of national policy inclination and strong economic foundation. Four
provinces, namely, Jiangsu, Jiangxi, Henan, and Sichuan, were at relatively high efficiency
level, and the rest of the regions were medium- and low-efficiency regions.

4.2. Dynamic Variation Tendency of Tourism Efficiency

Aiming to explore the intertemporal dynamic change of Tourism efficiency, we calcu-
lated the total-factor productivities of 30 provinces in China during the period from 2006
to 2018 using the Malmquist index model, which can be used as the index of measuring
tourism efficiency and further decomposed into the change of technological efficiency (EC)
and the change of technological progress (TC).

As shown in Figure 1, the mean total-factor productivity index of China’s tourism
industry from 2006 to 2018 was 1.143, with an average annual growth rate of 14.3% on
a national scale, suggesting gradual improvement of the utilization degree of various
input factors with the development in China’s tourism industry. Specifically, the contribu-
tion rate of technological efficiency was 3.4%, which indicated a steady enhancement of
technological efficiency in the tourism industry. The technological progress contributed
nearly 11% and became the main power source of promoting the growth of total-factor
productivity. During the whole period from 2006 to 2018, the indexes of the total-factor
productivity in each year fluctuated and all exceeded 1, among which the values from
2013 to 2014 were close to 1, indicating a slight growth range in that year. This is tightly
connected with the policy environment and the change of requirements in 2013. With
the promulgation and implementation of Tourism Law in 2013, traditional tourist agencies
faced the challenge of transformation and upgrading. As the transboundary operation
and mobile Internet technology grew in popularity, huge capital injection brought about
adjustment and transformation of the tourism industry. In spite of the fluctuations in other
years, the growth rate generally exceeded 10%, with increasing tourism efficiency year
by year. The technological efficiency dropped gradually from 2006 to 2012, which was
then stabilized at around 1 from 2012 to 2017 and significantly enhanced from 2017 to
2018. The indexes of technological efficiency during the periods of 2011–2012, 2014–2015,
and 2016–2017 all exceeded 1, suggesting poor utilization of the current resources and
technologies. The indexes of technological efficiency in the rest of the years all exceeded 1,
promoting the enhancement of total-factor productivity. The technological progress was
similar to total-factor productivity in variation tendency. The indexes of the technological
process in the other years all exceeded 1, except the minima in 2013–2014 with a variation
index of below 1, which indicated that the technological progress can contribute to the
enhancement of total-factor productivity.
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Table 3 lists the results in eastern, central, and western China. The total-factor pro-
ductivities in different regions showed similar variation tendencies in a fluctuant pattern.
Except for the negative growth in central China from 2013 to 2014, the total-factor pro-
ductivities of the other regions all showed fluctuant increases in the other years. The
annual growth rates of the total-factor productivity indexes in the eastern, central, and
western regions reached up to 12.3%, 18.8%, and 13.2%, respectively, suggesting constant
enhancement of total-factor productivity on the whole. The annual total-factor productivity
in central China was the largest, followed by the value in western China and finally by
the value in the eastern region. However, the total-factor productivity in central China
fluctuated significantly. On that basis, we found that, on the one hand, central and western
China developed rapidly in terms of tourism industry; on the other hand, the tourism
economic system in central China was vulnerable and the industry development was poor
in stability.

Table 3. Malmquist indexes of China’s tourism efficiency during the period from 2006 to 2018 and
the related decomposition results.

Year
Eastern China Central China Western China

MI EC TC MI EC TC MI EC TC

2006–2007 1.102 1.038 1.060 1.268 1.176 1.074 1.156 1.101 1.052
2007–2008 1.073 1.000 1.077 1.203 1.107 1.085 1.151 1.079 1.067
2008–2009 1.112 1.030 1.080 1.142 1.115 1.025 1.123 1.072 1.048
2009–2010 1.341 1.059 1.263 1.379 1.071 1.330 1.236 1.009 1.232
2010–2011 1.127 0.989 1.139 1.293 1.075 1.203 1.187 1.021 1.163
2011–2012 1.076 0.978 1.104 1.158 1.023 1.134 1.114 1.001 1.114
2012–2013 1.096 0.992 1.111 1.162 1.042 1.116 1.096 1.013 1.082
2013–2014 1.037 1.017 1.020 0.951 0.976 0.978 1.010 1.024 0.987
2014–2015 1.084 1.014 1.069 1.139 0.997 1.143 1.028 0.981 1.049
2015–2016 1.149 1.029 1.124 1.145 0.979 1.170 1.158 1.040 1.113
2016–2017 1.130 0.964 1.173 1.364 1.083 1.271 1.178 0.958 1.242
2017–2018 1.143 1.146 1.009 1.050 1.007 1.061 1.147 1.094 1.065

Mean value 1.123 1.021 1.102 1.188 1.054 1.132 1.132 1.033 1.101
Variation
coefficient 0.065 0.045 0.060 0.100 0.056 0.085 0.054 0.042 0.067

According to the decomposition results, the two driving sources, i.e., the change of
technological efficiency and the change of technological progress, simultaneously promoted
the enhancement of total-factor productivity. For eastern China, the contribution rates of the
change of technological efficiency and the change of technological progress were 2.1% and
10.2%, respectively; for central China, the contribution rates of the change of technological
efficiency and the change of technological progress were 5.4% and 13.2%, respectively;
for western China, the contribution rates of the change of technological efficiency and the
change of technological progress were 3.3% and 10.1%, respectively. The results confirmed
the constant enhancement of scientific and technological strength and comprehensive
management capability of the tourism industry in eastern, central, and western China,
effectively promoting the prosperity and development of the tourism industry. By contrast,
the enhancement of the total-factor productivity in the tourism industry can mainly be
attributed to technological progress rather than the enhancement of technological efficiency.
In addition to the further enhancement of the scientific and technological levels of the
tourism industry and the promotion of advanced technologies, various regions should still
lay emphasis on the application and implementation of advanced management methods,
enhance the technological efficiency, and achieve reasonable allocation of resources, thereby
further increasing the tourism efficiency.
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4.3. Spatial–Temporal Differentiation Characteristics of Tourism Efficiency in China

The spatial agglomeration phenomenon and characteristics of China’s tourism ef-
ficiency were revealed via exploratory spatial data analysis (ESDA). Using Arcgis 10.6
software, by taking the Queen adjacent matrix as the weight matrix of spatial relation, we
calculated the global Moran’s indexes of China’s tourism efficiency from 2006 to 2018, as
listed in Table 4. According to the calculated Z-values and p-values, only the results in 2008
and 2009 did not reach statistical significance, the results in 2010 reached 10% significance
level, and the results in the rest of the years reached the 5% significance level. Moreover,
the global Moran’s indexes in different years were positive, suggesting a positive spatial
correlation on the whole. Overall, China’s tourism efficiency showed the characteristics of
agglomeration–randomness–agglomeration in spatial distribution during the research pe-
riod. Since 2010, the Moran’s index increased in a fluctuant pattern, suggesting increasingly
significant spatial agglomeration of the regions with similar tourism economic efficiencies.

Table 4. Global Moran’s indexes of tourism efficiency.

Year 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Moran’s I 0.2407 0.2104 0.1277 0.1526 0.1879 0.2450 0.2286 0.2261 0.3192 0.3155 0.2771 0.3725 0.3170
Z-score 2.3424 2.0346 1.3339 1.5296 1.8022 2.2671 2.1342 2.1202 2.8806 2.8472 2.5392 3.3153 2.8901
p-value 0.0192 0.0419 0.1822 0.1261 0.0715 0.0234 0.0328 0.0340 0.0040 0.0044 0.0111 0.0009 0.0039

In order to further analyze the local spatial characteristics of tourism efficiency dis-
tribution, we selected the Getis–Ord Gi* index for characterizing local spatial correlation.
The Getis–Ord Gi* indexes in 2006, 2012, and 2018 were calculated. Using Jenks natural
break-point method, we were able to classify the regions into four types in ascending
order of the spatial correlation index of tourism efficiency, i.e., cold-spot, sub-cold-spot,
sub-hot-spot, and hot-spot regions. Moreover, the data were visualized for further analysis
of spatial–temporal differentiation characteristics of tourism efficiency (Figure 2).
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Figure 2. Evolutions of cold-spot and hot-spot regions of tourism efficiency in China.

Overall, the tourism efficiency at the three time points was similar in a spatial pattern.
The cold-spot regions were concentrated in northern China, while the hot-spot regions were
mainly distributed in China’s southeastern coastal regions, with distinct differentiation on
the whole. To be specific, the cold-spot regions showed stable variation during the research
period, which were mainly distributed on the northwest of Hu’s line. Various provinces in
northwestern China and the Inner Mongolia autonomous region remained as cold-spot
regions, differing greatly from eastern China due to regional reasons, economic foundation,
resource endowment, traffic conditions, and population density, being relatively backward
in the development of a tourism industry. In 2018, Heilongjiang in northeastern China also
evolved into a cold-spot region. This can mainly be attributed to over-investment in the
ice–snow-oriented tourism industry chain and repeated construction, which accelerated
the redundancy in input and inhibited the enhancement of economic efficiency to a certain
degree [48]. The migration of hot-spot regions was found to be relatively active. There
were 10 hot-spot provinces in 2006, which were mainly distributed along the coast and
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Hunan in the central reaches of the Yangtze River. The hot-spot regions overall showed
J-shaped distribution. In 2012, the agglomeration effect weakened and the number of hot-
spot regions was reduced to four (Shanghai, Chongqing, Guizhou, and Hunan). In 2018,
the hot-spot regions expanded and diffused from the centers of Guizhou and Shanghai
towards the surrounding regions. The first-weakened and then-enhanced agglomeration
effect corresponded to the variation of the global spatial evolutional pattern. On the whole,
the cold-spot regions were concentrated in northern China while the hot-spot regions were
concentrated in southern China, with distinct spatial differentiation patterns.

4.4. Analysis of the Influencing Factors of Tourism Efficiency
4.4.1. Validation of GWR Model

The geographical weighted regression (GWR) model was established with the data of
the variables that affected the provincial tourist efficiency in 2006, 2012, and 2018. Using
the adaptive method, we determined the optimal bandwidth with minimum information
criterion (AIC). Before model establishment, we performed a collinearity test on the above
indexes so as to avoid the deviation in the regression results because of multicollinearity
among variables. Table 5 shows the multicollinearity results of the influencing factors of
tourism efficiency. The variance inflation factors of the independent variables in 3 years
were all below 10, and the conditional number was lower than 30, suggesting almost no
multicollinearity. Since the variance inflation factor of GDP (as an independent variable) in
2012 exceeded 10 and the model’s fitting degree showed no significant enhancement after
the addition of GDP, we deleted GDP in the model of 2012.

Table 5. Multicollinearity test results of the influencing factors of tourism efficiency.

Year
Variance Inflation Factor (VIF) Number of

ConditionsED TRE TC TS OD EC

2006 9.27 3.45 2.16 2.95 3.15 5.3 17.18–19.88
2012 — 2.26 2.05 1.74 1.58 2.59 11.81–13.09
2018 4.26 2.42 1.6 2.5 2.18 2.71 12.65–14.91

As shown in Table 6, on the basis of the validation results of the GWR model, we found
that the goodness values of fit in the 3 years of 2006, 2012, and 2018 were 0.854, 0.673, and
0.782, respectively, and the local R2 values were 0.794–0.854, 0.524–0.756, and 0.674–0.804,
respectively, which were all over 0.5. It indicates that the model can adequately explain
the spatial difference in tourism efficiency. In terms of local R2 distribution, the goodness
values of fit in northeastern China and eastern coastal regions were low in 2012. On the
basis of the validation results of the GWR model, we found that the tourism efficiency of
the provinces in these regions was significantly affected by the economic development
level. In order to ensure the overall model accuracy, we deleted the economic development
level in that year, causing low goodness of fit.

Table 6. Validation of GWR model with the influencing factors of tourism efficiency.

Test Items 2006 2012 2018

R2 0.854 0.673 0.782
Adjusted R2 0.777 0.527 0.67

Local R2 0.794–0.854 0.524–0.756 0.674–0.804
Residual sum of squares 0.14 0.172 0.193

4.4.2. Analysis of the Spatial Heterogeneity of the Influencing Factors

The coefficients of the independent variables in the GWR model for 2006, 2012 and
2018 are visualized as shown in Figure 3. Economic development level is an important
factor that affects the enhancement of tourism efficiency. In 2006, economic development
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level was the most important variable that imposed the most significant effect on tourism
efficiency. The tourism efficiency increased with the enhancement of economic develop-
ment level. In terms of spatial distribution of coefficients, high-influence regions were
located in the northeastern China and the Beijing–Tianjin–Hebei Region, overall show-
ing a tendency of gradually dropping from the east to the west. Economic development
level imposed the slightest effect on tourism efficiency in northwestern China. In 2018,
the influence of economic development level on tourism efficiency dropped significantly
and showed a completely opposite spatial distribution pattern. High-influence regions
were concentrated in northwestern China, while low-influence regions were mainly dis-
tributed in eastern China. Since eastern China with a well-developed economy started
early in terms of a tourism industry, the capital utilization efficiency dropped gradually
with over-concentration of capital and unceasingly expanding investment scale, thereby
leading to diseconomies of scale. The change of consumer demand also greatly affected
the enhancement of tourism efficiency. Accompanied with the increase of income, tourists
began to generate strong interest in western China with its abundant natural resources.
Therefore, the effect of economic development level on the tourism efficiency in western
China was greater than that in eastern China.

The influencing degree and direction of tourism resource endowment differed among
different regions in different years. In 2006 and 2018, tourism resource endowment was
in negative correlation with tourism efficiency; however, high-influence regions differed
greatly from low-influence regions. In 2006, high-influence regions were mainly located in
eastern China with its abundant tourism resources, suggesting lower tourism efficiency in
the region with richer tourism resources. With the increasing tourism resources, the main-
tenance and management levels of different scenic spots were uneven. Both management
and operation of low-level scenic spots may face great challenges and even seriously be
in debt, causing serious waste of resources. In 2018, high-influence regions were mainly
located in northwestern and central China with relatively poor tourism resources. This may
have been because the regions with fewer tourism resources cannot gain popularity among
tourists and satisfy their consumer demands with the increase in tourism consumption
demand, thereby leading to low tourism efficiency. In 2012, the action tendency changed.
Tourism resource endowment in eastern, northern coastal, and northeastern China was
positively correlated with tourism efficiency, while the correlation between tourism re-
source endowment and tourism efficiency was negative in other regions. However, tourism
resource endowment imposed a slight effect in most regions. Tourism resource endowment
had a great positive influence in Beijing, Tianjin, and Hebei, which can be attributed to
high-quality and concentrated tourism resources in these regions. In addition, the great
attraction from two central cities, Beijing and Tianjin, can generate a siphonic effect and
thereby enhance tourism efficiency.

Traffic condition determines the accessibility of the tourist destination. In terms of
the distribution of regression coefficient, traffic condition imposes an increasing effect on
tourism efficiency with time. Moreover, the influence strength increased gradually from
the east to the west. On the one hand, well-developed traffic network in eastern China
can improve the accessibility of the tourism scenic spots. There exists great space for the
locational selection of tourism investment activities. By contrast, western China is rich in
natural resources but restricts the accessibility of tourism scenic spots. The convenience of
traffic conditions also directly determines the development of tourism level. Therefore, the
influence of traffic conditions on tourism efficiency in western China is higher than that in
eastern China.
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Figure 3. GWR analysis results of the influencing factors of China’s tourism efficiency.

The tourism professional level imposed a significantly positive effect on the enhance-
ment of tourism efficiency and gradually became the factor with the greatest influence
strength. This was due to the fact that the scale effect generated in the development of
regional tourism industry was greater at a higher tourism professional level, accompanied
with higher utilization rate of resources. In addition, the increasing professional level
of tourism can promote the accumulation of tourism factors and the overflow, such as
technological innovation, producing agglomeration effect and radiation effect, thereby ef-
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fectively enhancing the tourism efficiency. The effects of tourism professional level showed
similar spatial distribution at the three time points. High-influence regions were mainly
located in the Yellow River basin and northeastern China at a low professional level, while
low-influence regions were concentrated in southwestern China at a high professional level.
The influence strength dropped steadily from the northeast to the southwest. Moreover,
the sensitivity of the region at the higher professional level of tourism was found to be
lower, and vice versa.

The degree of openness was positively correlated with tourism efficiency. The enhance-
ment of openness degree can contribute to the absorption of foreign capital and advanced
technologies, as well as the introduction of management experiences, thereby promoting
the upgrade of the tourism industry structure. Meanwhile, opening to the outside world
can stimulate rapid development of entry–exit tourism and can further enhance tourism
efficiency. In terms of the spatial distribution of coefficients, high-influence regions were
mainly in western China in 2006, while low-influence regions were mainly located in
eastern China. In 2012, the spatial distribution changed obviously; high-influence regions
were concentrated in northeastern China and low-influence regions were concentrated in
southwestern China. The influence strength in 2018 was similar to that in 2012 in terms of
spatial distribution, which dropped gradually from the northeast to the southwest.

Overall, the environmental cost can slightly affect tourism efficiency; however, the
action direction showed unstable spatial–temporal distributions, with obvious spatial het-
erogeneity. In 2006, by taking Gansu, Chongqing, and Hunan as the boundary, we found
that the environmental cost in the western region was slightly in positive correlation with
tourism efficiency, while the environmental cost was significantly in negative correlation
with tourism efficiency. In 2012, more and more provinces showed a positive correlation
between environmental cost and tourism efficiency, which were mainly distributed in
central and western China; furthermore, the action force with positive influence increased
while the action with negative influence decreased. As stated above, carbon emission
calculated in this study was based on the consumed energy capacity via conversion. Since
undertaking the industrial gradient transfer from eastern China, energy consumption in
central and western China increased, which was indicative of rapid economic development.
This can also account for serious multicollinearity after the addition of economic devel-
opment level to GWR model as an independent variable. In 2018, all provinces in China
showed a slightly negative correlation between environmental cost and tourism efficiency.

5. Conclusions and Discussion
5.1. Conclusions

This study focused on 30 provinces in China and explored spatial–temporal differ-
entiations and the influence factor of tourism efficiency among different provinces by
combining the super-efficiency SBM model, Malmquist index, ESDA, and GWR. The main
conclusions are described below.

(1) China’s tourism efficiency overall increased gradually during the period from 2006
to 2018, and the spatial pattern of tourism efficiency that was stronger in the east and lower
in the west weakened, that is, China’s tourism efficiency grew towards equalization. The
tourism efficiency of most provinces was significantly enhanced; however, the provinces
with medium- and low-efficiency still occupied a great proportion, with great room for
improvement of tourism development. The Malmquist indexes of China and three eco-
nomic belts and the related decomposition resulted in different periods being calculated. It
was observed from the temporal evolution tendency that the utilization degree of various
input factors was constantly improved with the development of China’s provincial tourism
development, with constant enhancement of economic efficiency. Technological efficiency
and technological progress can jointly promote rapid growth of total-factor productivity. By
contrast, the enhancement of total-factor productivity in the tourism industry can mainly be
attributed to technological progress rather than the increase of technological efficiency. In
the future, we should stress the application and implementation of advanced management
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methods and reasonable promotion and application of advanced technologies so as to
achieve reasonable allocation of resources and further enhancement of tourism efficiency.

(2) In terms of national spatial distribution, tourism efficiency in China showed the
feature of agglomeration–randomness–agglomeration, with constantly enhanced spatial
correlation. In terms of local spatial distribution, there were distinct differentiation char-
acteristics. Northern China, especially northwestern China and Inner Mongolia, were
always the cold-spot regions, while some hot-spot regions with Shanghai and Guizhou
as the centers expanded gradually towards the surrounding provinces in southern China.
Overall, the spatial differentiation characterized by lower tourism efficiency in the north
and higher tourism efficiency in the south was gradually formed.

(3) The value of economic efficiency was the result of the interaction of multiple factors.
On account of different influencing strengths and action tendencies of various influenc-
ing factors among different regions, tourism efficiency showed obvious spatial–temporal
differentiation. The level of economic development, traffic conditions, the professional
level of tourism, and openness degree were able to significantly promote the enhancement
of tourism efficiency. To be specific, the promotion effect of economic development level
weakened with time, while both traffic conditions and the professional level of tourism
played increasingly important roles. The tourism resource endowment and environmental
cost imposed slight effects and varied in action direction, which was able to inhibit the en-
hancement of tourism efficiency of most regions. Therefore, improving the construction of
traffic systems, expanding the openness degree, promoting the agglomeration development
of tourism industry, reasonably allocating various resource input factors, protecting the
natural ecological environment, and ensuring energy conservation and emission reduction
are all effective ways of enhancing tourism efficiency.

5.2. Policy Suggestions

On the basis of empirical analysis results, we can make the following policy sug-
gestions. Firstly, the investment in tourism factors should be reasonably increased; the
management level of the administrators should be enhanced; the allocation of resource
factors should be rationally optimized; and the problem of redundancy input of many
factors including resource, capital, and labor should be effectively addressed, thereby ac-
celerating the transition from resource-dominant to industry-dominant tourism. Secondly,
there was a strong spatial correlation of tourism efficiency among various provinces in
China. We should strive to overcome the administrative barrier, promote the exchange
of technical and management experiences among different provinces, and perfect the
tourism competition–cooperation mechanism among provinces. Accordingly, the driving
role of high-efficiency regions can be brought into fully play, and the maximization of
positive spillover effect of tourism economy can be promoted so as to further narrow the
regional gap and achieve high-efficiency balanced development of China’s tourism indus-
try. Thirdly, we should stress the construction of tourism transportation infrastructures
and give fully play to the point-to-surface connection role of traffic in regional tourism
cooperation, thereby promoting regional agglomeration of the regional tourism industry
and accelerating the formation of a novel uniform tourism pattern. Finally, we should
reinforce the scientific and technological innovation, promote the deep integration between
scientific and technological achievements and the tourism industry, and enhance the tech-
nological content of tourism products. Meanwhile, we should strongly advocate for the
development and planning of tourism resources and environmental protection, as well as
establish and perfect the innovative system of the tourism industry.

China is the greatest tourist source and tourism consumption country in the world.
The development status of China’s tourism industry can reflect the development condi-
tion of global tourism. The other countries and regions with comparability with China,
especially the countries and regions with rapidly developed tourism industries, all face a
similar problem, the optimization of tourism efficiency. The technical route and related
policy suggestions in this study can provide insightful references for other countries and
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regions, contribute to a more clear evaluation of tourism efficiency by the administrators in
these countries and regions, and promote better and faster development of the domestic
tourism industry.

5.3. Limitations and Future Research

The tourism industry is a comprehensive industry integrating many factors including
food, shelter, traffic, travel, shopping, and recreation, in which many industries interweave
with each other. Gaining in-depth knowledge of spatial–temporal heterogeneity of tourism
efficiency and revealing the driving factors can contribute to realizing the full potential
of the tourism industry, achieving industrial linkage and promoting regional economic
development. Due to the strong correlation in the tourism industry, there are a variety of
measurement methods and influencing factors of tourism efficiency. This study adopted
the DEA model to measure tourism efficiency, which cannot fully reflect operation and
management conditions of regional tourism. Meanwhile, in view of data availability, the
selected input/output indexes and the related influencing factors cannot fully reflect the
overall performance of the tourism industry. Therefore, more indexes should be taken
into overall consideration in future studies. Increasing both influencing factors and the
number of regional samples can contribute to revealing the properties and rules during the
development of tourism industry so as to further formulate tourism development plans
and strategies in a scientific and reasonable way.
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